Cooperative spectrum sensing which enhances the sensing accuracy is an important research issue for cognitive radio networks, especially in complicated environment. Considering the extensive use of mobile intelligent terminals such as smart phones and tablets, crowdsourced spectrum sensing, which assigns spectrum sensing tasks to mobile terminals, can take advantage of mobile terminals' cooperation and obtain the accurate sensing results. In this paper, crowdsourced spectrum sensing is studied to propose assignment scheme of spectrum sensing tasks in large geographical areas. There may be several kinds of terrains affecting sensing in large-scale regions. Hence, according to the terrains, we divide a large region into several sub-regions and introduce sensing effect function to evaluate the sensing accuracy based on the number of sensing sub-regions. Furthermore, considering energy consumption is an important issue which mobile terminals focus on, we use the relative energy consumption to evaluate the cost of mobile terminals during spectrum sensing. Then, we formulate the crowdsourced sensing problem to minimize the total cost while keeping sensing effect not lower than the predefined threshold to maintain sensing accuracy. Since the problem is NP-hard, a heuristic algorithm is proposed to solve the crowdsourced sensing problem. At first, our algorithm arranges all sensing tasks in a priority queue based on their urgency. Then, sensing tasks are sequentially assigned to terminals with higher energy to prolong their survival time under makespan and energy constraints. To obtain the lowest system cost, we introduce remaining time and reassign sensing tasks from high-cost terminals to low-cost terminals based on the remaining time. Simulation results show our algorithm achieves higher performance than the other algorithms.
I. INTRODUCTION
According to Cisco' report, wireless traffic has increased heavily in recent years. In 2016, the global mobile data, including data sharing, video streaming, and virtual reality, grew 63% [1] . The high growth of wireless traffic results in crowd wireless spectrum. Nevertheless, recent study illustrates that much of the licensed spectrum is poorly utilized under current fixed spectrum policy, which means only licensed users are eligible for the licensed wireless spectrum [2] . Unlicensed users cannot access the licensed spectrum even if the wireless spectrum is idle.
As new wireless applications emerge, wireless spectrum will be in ever-greater demand for the existing 4G and the expecting 5G wireless networks. Cognitive radio is a promising wireless communication solution which can significantly increase the spectrum efficiency [3] . Cognitive radio allows
The associate editor coordinating the review of this manuscript and approving it for publication was Kai Yang . unlicensed users to use the idle licensed wireless spectrum when licensed spectrum is sensed to be idle. Hence, it requires accurate sensing and decision-makings on the availability of spectrum, referred to as spectrum sensing (SS). Spectrum sensing is an important research issue for cognitive radio networks and the process along with subsequent signal processing leads to high energy consumption. In complicated environment, spectrum sensing is a difficult task since some factors including shadowing and multi-path fading influence the sensing result and the sensing accuracy is not guaranteed. Hence, cooperative spectrum sensing of multiple users is a feasible solution to achieve accurate sensing results.
On the other hand, crowdsourcing has been proved to be the potential solution for many applications in recent years. Crowdsourcing, a novel task-solving pattern, means that workers are recruited to execute complicated tasks. Its success about many applications attracts extensive researchers to pay attention to crowdsourcing. Meanwhile, recent years witness the rapid proliferation of mobile intelligent terminals such as smart phones and tablets which are able to sense wireless spectrum. Therefore, crowdsourced spectrum sensing, which recruits multiple mobile terminals to execute spectrum sensing tasks, is a practical solution for cooperative spectrum sensing and takes advantage of mobile terminals everywhere today.
In this paper, crowdsourced spectrum sensing is proposed to recruit mobile terminals to execute spectrum sensing tasks in the complicated environment. Since a large-scale region comprises several types of terrains, influencing the sensing results, a large region is divided into several sub-regions based on the terrains and the sensing effect function is defined to evaluate the sensing accuracy. Moreover, energy consumption of mobile terminals is inevitable during the spectrum sensing. We use the relative energy consumption to evaluate the sensing cost of mobile terminals. Then, the crowdsourced spectrum sensing problem is formulated to minimize the total cost while satisfying sensing effect threshold to maintain sensing accuracy. Since this is an NP-hard problem, a heuristic algorithm is proposed to solve the crowdsourced sensing problem. Considering time and energy constraints, sensing tasks are arranged in a priority queue at first. Based on the priority queue, sensing tasks are initially assigned to suitable terminals under constraints. Then, we introduce remaining time and reassign sensing tasks from high-cost terminals to low-cost terminals to obtain the lowest system cost. Simulation results show our algorithm achieves lower system cost than the other algorithms.
In this paper, we study the problem of crowdsourced spectrum sensing. The main contributions are summarized as follows:
• Considering the impact of different terrains, the sensing effect function, reflecting the relationship between the number of sensing sub-regions and that of total sub-regions, is proposed to measure sensing accuracy. Furthermore, the relative energy consumption is proposed to evaluate the sensing cost of mobile terminals during spectrum sensing.
• Based on the sensing effect function and cost, the crowdsourced spectrum sensing is formulated to minimize the cost of mobile terminals under time and energy constraints while maintaining sensing accuracy.
• A heuristic algorithm is proposed to solve this crowdsourced sensing problem. Under time and energy constraints, the proposed algorithm sequentially assigns sensing tasks to terminals based on their priority. Then, the remaining time is introduced to reassign sensing tasks to realize the lowest system cost.
• Simulation results show our proposed algorithm achieves better performance than the other algorithms. The rest of the paper is organized as follows. In Section II, a review about related works is provided. In Section III, we define the sensing effect and cost, and propose the system model. In Section IV, a heuristic algorithm is developed to solve the spectrum sensing. In Section V, the proposed algorithm is evaluated with simulation results. Finally, conclusions are shown in Section VI.
II. RELATED WORKS
In cognitive radio networks, unlicensed users frequently scan the spectrum to estimate the spectrum availability [4] . This frequent scanning consumes energy in the energy-constrained network, which operates powered by batteries. Hence, energy conservation becomes a critical issue [5] - [7] . In addition, inaccurate spectrum sensing is another limitation we should notice. The spectrum-scanning result of a single user is prone to detection error because of the spatially effect of shadowing and multipath fading [11] . Alternatively, cooperative spectrum sensing is a promising solution to improve the accuracy of spectrum sensing [12] .
There have been extensive research efforts focusing on improving the energy efficiency and sensing accuracy. In [8] , by exploiting the spatial correlation, Shah et al. limit the number of users which perform spectrum sensing to minimize energy consumption. In [9] , a reliable decision transmission scheme considering energy-efficiency is proposed for cooperative spectrum sensing. This scheme reduces energy consumption of low-power nodes and improves detection probability. In [10] , Ebrahimzadeh et al. propose an efficient cooperative spectrum sensing to minimize energy consumption by selecting proper sensing nodes. Compared to traditional spectrum sensing, a sub-Nyquist sensing algorithm is proposed to achieve high detection performance and reduce implementation complexity [13] . However, aforementioned studies do not consider the multiband approach.
In [16] and [18] , a basic multiband scheme is proposed to reduce the complexity and expense of spectrum sensing process. Each device senses multiple channels (a subset of a total number of channels to be sensed) and reports its results to fusion center which then fuses the sensing data from all devices for cooperative decisions. In [14] , an optimal scheme is proposed for cooperative multiband spectrum sensing. The problem is formulated to maximize throughput with energy and signal resources constraints. By minimizing the reactive handoff latency, the sensing duration of multiband spectrum sensing is reduced [15] . In [32] , the time scheduling is investigated for a backscatter-aided radio-frequency-powered cognitive radio network. Based on demand requirements of secondary transmitters, two auctionbased scheduling mechanisms are proposed for the time resource assignment. However, these literatures do not consider how to assign channels to each participating device.
Furthermore, policy makers have been promoting new spectrum sharing models to renew the regimented spectrum allocation models [17] , [19] . The aim is to improve spectrum utilization and alleviate any future spectrum crunch. The promotion from both technology and policy angles increases the need for large-scale spectrum sensing [20] , [21] . Large-scale spectrum sensing serves two primary purposes. On the one hand, by detecting spectrum opportunities, it will aid effective spectrum sharing technologies [22] . On the other hand, it will VOLUME 7, 2019 act as a vehicle for spectrum utilization across time and space [21] . Most exiting approaches on spectrum monitoring do not scale [21] , [23] , [24] . For instance, approaches such as Microsoft spectrum observatory [23] and Specnet [24] require relatively expensive sensing stations. Besides, there is other scheme such as non-orthogonal multiple access to realize high spectral efficiency [33] .
The aforementioned studies utilize special users, such as unlicensed users who try to access idle licensed spectrum opportunistically, to execute spectrum sensing. With the significant development of intelligent terminals including smart phones and tablets, it is possible to achieve spectrum sensing with the aid of these part-time users to improve sensing efficiency. This is referred to as crowdsourcing [31] , which assigns complicated tasks to a huge number of devices or crowds and achieves countless success in many areas including monitoring and logistics. With the rapid proliferation of crowdsourcing, it is introduced to solve large-scale spectrum sensing. Since a user is limited to sense spectrum in a confined area, crowdsourced spectrum sensing which assigns sensing tasks to multiple mobile terminals is a feasible solution to realize large-scale spectrum sensing. In [25] and [26] , effective crowdsourcing mechanisms utilizing low-cost and low-power nodes are proposed to support distributed spectrum sensing. In [27] , a heuristic algorithm based on Particle Swarm Optimization is proposed to assign sensing tasks. In [28] , a new infrastructure is created to integrate scalable spectrum monitoring combined with application support. The end-to-end system considering both spectrum sensing and connected applications can work seamlessly at scale. Furthermore, energy consumption is an important issue for battery-powered devices. In [34] and [35] , energy issue is studied during the process of spectrum sensing. Besides, there are some related studies on crowdsourced spectrum sensing [29] , [30] .
III. SYSTEM MODEL
In this section, at first, the system scenario is described and a function is introduced to evaluate the sensing effect. Then, the relative energy consumption, considering mobile terminal's feature is defined. At last, the crowdsourced sensing problem is formulated to achieve minimized cost.
A. SYSTEM SCENARIO AND SENSING EFFECT REQUIREMENT
Spectrum sensing is often executed in large-scale regions. To obtain the channel states in these regions, the sensing tasks can be assigned to mobile terminals located in each region. Since the sensing capacity of mobile terminals is limited, we assume each mobile terminal can only sense a channel at a time. Each region may consist of several terrains, such as mountains, lakes, plains and so on, which have different influence on the transmission and reception of wireless signal. Hence, the specific terrain influences the sensing results and mobile terminals located in different terrains obtain different sensing results even for the same channel. Considering the terrain impact, a region is divided into corresponding subregions based on the terrains. Fig. 1 illustrates one example of the system scenario. There are three large-scale regions (A, B and C) and five channels to be sensed in each region. Based on different terrains, each large-scale region is divided into three sub-regions. Mobile terminals located in region A can be recruited to obtain channel states of these five channels. Each terminal with the limited sensing capacity will choose a channel to sense at a time.
For a channel of a region, the sensing result is accurate if the channel state of each sub-region is sensed because the impact of all terrains is considered. To evaluate the sensing accuracy for a channel, a function, denoting the ratio between the sensing sub-regions and total regions, is proposed to describe sensing effect.
In the system, it is assumed that there are M regions and N wireless channels. In a region, different terrains influence mobile terminals' sensing and make they obtain various sensing results even for the same channel. Therefore, a region is divided into several parts based on terrains. Mobile terminals, located in different sub-regions, can capture the spatial diversity. In a sub-region h of region j, let z i hj = 1 denote channel i is sensed by at least one mobile terminal, and z i hj = 0 denote no mobile terminals sensing channel i. When more sub-regions are sensed by mobile terminals, the more effective sensing results can be realized because more types of terrain influence are considered. On the other hand, different terrains and barriers in various sub-regions, will result in different sensing accuracy of mobile terminals. Therefore, we use w hj to distinguish the accurate sensing degree in a subregion h of region j. Based on the sensing results of mobile terminals located in sub-region h of region j, parameter w hj is derived as the proportion of correct results in the past period. The higher w hj is, the more accurate the sensing degree is. In region j, let y i j denote the number of sub-regions where channel i is sensed by at least one mobile terminal. We can obtain y i j = m(j) h=1 z i hj w hj , where m(j) denotes the number of sub-regions in region j. Obviously, the sensing results are more effective as y i j is higher because more terrains are considered. When y i j equals zero, meaning no mobile terminals senses channel i, sensing effect is zero. When y i j equals m(j) h=1 w hj , meaning all sub-regions in region j are sensed, maximized sensing effect is obtained. Intuitively, when y i j is small, sensing effect increases fast with y i j growth. When y i j is large, sensing effect increases slowly as y i j grows. Hence, the sensing effect, reflecting the sensing accuracy of channel i in region j, is defined as
Based on formula (1), sensing effect function is in the range (0, 1). The higher y i j is, the more smoothly sensing effect function increases as y i j increases. To guarantee the sensing accuracy in large-scale regions, the sensing effect function, reflecting the sensing accuracy of channel i in region j, must exceed a predefined threshold H . This is described as
This sensing effect can be observed from Fig. 1 . For channel 1 in region A, we assume the sensing accuracy threshold H will be satisfied when channel 1 is sensed in two subregions at least. We observe that channel 1 is sensed by two terminals marked by red color, which are located in subregion A2 and A3 respectively. Hence, the sensing accuracy is satisfied.
B. RELATIVE ENERGY CONSUMPTION
For the mobile terminals, they pay more attention to their energy while participating spectrum sensing consumes energy. Only under the condition that a mobile terminal has enough remaining energy after spectrum sensing, the terminal is able to accept spectrum sensing tasks. We use the normalized value in (0, 1) to denote the energy of each mobile terminal. Let K denote the set of whole mobile terminals, e k denote the initial energy of a terminal k, Thk denote its energy threshold and e k denote the energy consumption during terminal k executing spectrum sensing. Then, the energy constraint is described as Fig. 1 also presents the impact of energy constraint. Terminals participating in channel sensing possess enough energy while some terminals named free mobile terminals do not accept sensing tasks since the remaining energy is not enough.
Since mobile terminals consume energy during their spectrum sensing, energy consumption is introduced to denote the cost. We can imagine that the more energy a terminal consumes for sensing task, the higher cost is. However, the value of a mobile terminal's energy consumption is not directly used as its cost. The reason is that the same energy consumption has different actual impacts on mobile terminals when they have different initial energy. For instance, there are two mobile devices, one with initial energy value 0.5 and the other with initial energy value 0.8. If both of them consume the same energy consumption value 0.2 during spectrum sensing, there are different impacts on these two terminals. The terminal with initial energy value 0.5 is more affected since its energy falls by 40%, while the other terminal with initial energy value 0.8 only falls by 25%. Hence, we use the relative energy consumption, which is the ratio between a mobile terminal's energy consumption and its available energy, to denote the terminal's cost. Let e k denote the initial energy of a terminal k, Thk denote its energy threshold, e k denote the energy consumption during spectrum sensing and r k denote the cost for terminal k. The cost r k of a mobile terminal k is obtained as
where C is constant.
C. PROBLEM FORMULATION
For a region j, only the mobile terminals located in that region can sense channels within that region. Within the region j, let K (j) denote the set of mobile terminals, n(j) denote the number of mobile terminals and N (j) denote the number of wireless channels. For the mobile terminal k ∈ K (j), x ki = 1 denotes that terminal k senses the channel i, and x ki = 0 denotes that terminal k does not sense the channel i. Then, considering a mobile terminal only sense one channel, we can obtain
Let M denote the total number of regions. Hence, the total cost of all mobile terminals are described as
Furthermore, mobile terminals spend time on spectrum sensing. Even for the same channel, they may spend different time since their sensing algorithms may be different. Let t k (i, j) denote the time that a terminal k spend on channel i's sensing in region j. The completed time t(i, j) of sensing channel i is the latest time of a terminal finishing this channel sensing. We can obtain
We should notice that each channel sensing task has its time constraint, which means mobile terminals executing this channel sensing must complete this sensing task before the deadline. Let T (i, j) denote the time constraint of channel i in region j. Then, we can derive
By sensing task assignment, we aim to minimize the total cost while realizing the considerable sensing effect. Therefore, the problem is formulated as
The problem in (9) is difficult to solve since it is NP-hard. The reason is that set cover problem, which is NP-hard, is a special case of this problem. The details are described as follows.
The set cover problem is: Given a set of elements E = {e 1 , e 2 ,. . . , e n } and a set of m subsets of E, S = {S 1 , S 2 , . . . , S m }, find a ''least cost'' collection C of sets from S such that C covers all elements in E. That is U
In the sensing task assignment, the sensing sub-regions satisfying sensing accuracy threshold H equal the elements in E, and sub-regions which are sensed by mobile terminals form the set S. Hence, the problem of sensing task assignment is to obtain a ''least sensing cost'' collection C of sets from S such that C covers all elements in E. Therefore, the set cover problem is a special case of this problem and this problem is NP-hard.
For an NP-hard problem, it is difficult to obtain an optimal solution within polynomial time. To solve this sensing task assignment, the heuristic algorithm is proposed in next section.
IV. HEURISTIC ALGORITHM
In this section, the heuristic sensing algorithm is proposed to minimize the total cost under the constraints. During the sensing task assignment process, we try to choose suitable terminals to realize the lowest system cost. Then, the time complexity of proposed algorithm is analyzed.
A. HEURISTIC ALGORITHM
The sensing assignment process consists of three steps, priority queue, initial assignment and reassignment. All channels which will be sensed are arranged based on their time constraints. After that, the initial assignment realizes the sensing assignment of mobile terminals to obtain the system cost under the energy constraint. Then, we use relative remaining time to reassign sensing tasks of the initial schedule to minimize the total cost.
At first, based on the time constraint, all channels which will be sensed are arranged in a priority queue.
Let e jix denote mobile terminal x's energy consumption for sensing channel i in region j, and Th x denote its energy threshold. To maintain the energy of mobile terminal x higher than Th x after sensing channel i, mobile terminal x must have enough energy which is higher than the real threshold ThR jix before sensing channel i. Hence, real threshold ThR jix is derived as ThR jix = Th x + e jix (10) Let X ji denote the set of mobile terminals satisfying real energy threshold before sensing channel i in region j, and t x (i, j) denote the completed time of sensing channel i for device x ∈ X ji. We can calculate t x (i, j) for any x ∈ X ji. Since the sensing time of some terminals is longer than the time constraint T (i, j) of channel i in region j, only part of terminals in the set X ji will satisfy time constraint. Let X ji ' denote the set of terminals satisfying time constraint, and LBji denote the latest beginning moment of sensing channel i in region j. We can derive
Let s(i, j) denote the task to sense channel i in region j. When this sensing task has a smaller value of the latest beginning moment, it should be assigned earlier than others. Otherwise, it is difficult to satisfy the time constraint. Therefore, a smaller LBji means a higher priority of sensing task s(i, j). The latest beginning moment of each sensing task can be calculated following (10)- (11) . Hence, the priority queue of all sensing tasks can be obtained based on the latest beginning moment.
At the second step, the sensing tasks are sequentially assigned to mobile terminals based on the order of the priority queue.
Based on the priority queue, the sensing task s(i, j) with the smallest LBji is selected from all unassigned sensing tasks. To assign the sensing task, at first, a sub-region h of region j is chosen with the probability w hj / m(j) h=1 w hj , where w hj denotes the accurate sensing degree and m(j) denotes the number of sub-regions in region j. For a sub-region h, the higher accurate sensing degree w hj will result in the higher chosen probability. When the sub-region h is chosen, the mobile terminals in this sub-region satisfying real energy threshold in (10) are potential terminals to execute sensing task s(i, j). We calculate the executing time of task s(i, j) in each potential terminal based on (7) . From the terminals which are able to complete task s(i, j) before its time constraint, we can choose a terminal with the highest remaining energy to assign the sensing task s(i, j). This will keep mobile terminals survive for executing sensing tasks as long as possible under energy constraints. After the terminal in the sub-region h is chosen to execute sensing task s(i, j), channel i is sensed by at least one mobile terminal in the sub-region h, resulting in z i hj = 1. We calculate the current sensing effect f (i, j). If f (i, j) reaches the predefined threshold H , the sensing accuracy is guaranteed and channel i's sensing in region j is completed. Otherwise, the next sub-region of region j should be chosen based on the probability w hj / m(j) h=1 w hj from the remaining sub-regions until the predefined threshold H is satisfied. Then, with the similar method above, we choose a mobile terminal located in this sub-region to execute the sensing task s(i, j). After that, new sensing effect f (i, j) is obtained. This process will continue until f (i, j) exceeds predefined threshold H , which means the assignment of sensing task s(i, j) is completed.
After a sensing task is completed, we renew the current energy of mobile terminals and assign the next sensing task until the all sensing tasks are assigned.
At the third step, we reassign tasks which are assigned during the initial assignment to decrease system cost. By moving sensing tasks from high-cost terminals to low-cost terminals, the system cost is able to decrease. There are several sensing tasks and huge mobile terminals in the system, leading to more reassignment choices. We need to choose the reassignment which realizes lowest cost.
To choose the proper task for reassignment, we introduce the remaining time to evaluate the reassignment opportunity of tasks. Let RT(i, j) denote the remaining time, t(i, j) denote the actual completed time and T (i, j) denote the time constraint of sensing task s(i, j). Then, we can derive
Remaining time RT(i, j) evaluates the distance between the time constraint of sensing task s(i, j) and its actual completed time. The higher RT means more reassignment opportunities under time constraint. We choose a sensing task with the highest remaining time, and reassign this task. We assume this task is assigned to m mobile terminals in the initial assignment and the corresponding region consists of n mobile terminals. The sensing task can be moved to some terminals from other n − m terminals. This will result in huge reassignment cases reaching the sensing effect threshold and some of them break the energy or time constraints which should be removed. For the reassignment cases which satisfy all constraints, their system cost can be obtained based on (6) . Then, the reassignment case which realizes the lowest cost is chosen.
We use the chosen reassignment case to update global task distribution and repeat the reassignment process until no lower system cost is found.
The details of the heuristic sensing assignment algorithm (HSA) are described in Alg. 1.
B. PERFORMANCE ANALYSIS
The proposed algorithm is different from other algorithms because it does not search for the optimal solution directly. Instead, the propose HSA first realizes a feasible solution in initial assignment and then optimizes the feasible solution by the sensing task reassignment. During the reassignment process, based on the remaining time, the sensing task with longest distance to its time constraint is primarily reassigned since it has a largest free space for reassignment. After a task's reassignment, sensing task distribution will change and the reassignment process will be repeated based on the current time distance until no lower system cost is found. That means the task reassignment can realize low cost even the initial task assignment is far from the optimal solution, which is the remarkable advantage of the propose HSA. The complexity of proposed HSA is computed as follows. The HAS algorithm consists of three steps. For the step of priority queue, the computation complexity is O(nji) where n denotes the number of mobile terminals, j denotes the number of regions and i denotes the number of channels.
In the second step, for each channel in each region, we choose a sub-region and select the terminal with the highest remaining energy. We repeat this process until the sensing effect reaches the predefined threshold. This process dominates the complexity of initial assignment. Hence, the computation complexity is O(nji j m(j)).
At last, sensing tasks are reassigned to decrease the sensing cost. When we move a task from one device to another, it results in a new assignment. Hence, the computation complexity is O((n − m) 2 ji).
Based on the three steps of sensing task assignment, the computation complexity of the proposed algorithm is O(n 2 ji j m(j)).
D. ANALYSIS OF CONVERGENCE
The convergence of this problem occurs in the reassignment process since a chosen reassignment case will update global task distribution and the reassignment process will be repeated based on the current task distribution. During task reassignment, a sensing task with the highest remaining time will be reassigned until there is no lower cost. Hence, the solution will converge no later than the completion time that all tasks are reassigned once. If jitter occurs during the reassignment process, the proposed algorithm converges and the solution should be the lowest value in the jitter range.
V. SIMULATIONS
In this section, our proposed algorithm (HSA) is evaluated by extensive simulations. Compared with ED+CFD algorithm [29] and CLRS algorithm [30] , our algorithm can achieve higher performance. The ED+CFD algorithm uses history data to make decisions about spectrum sensing, while the CLRS algorithm dynamically allocates resource to achieve multiband spectrum sensing.
The simulation parameters are described as follows. As shown in Fig. 1 , there are five channels to be sensed and three regions with the same radius. In each region, there Based on different terrains, each region is divided into 3 sub-regions. The predefined threshold H is set to 0.57. The accurate sensing degree w hj is identical for all channels and regions. The system consists of mobile terminals located randomly in these three regions and the initial energy of each terminal is randomly generated in the range (0, 1). The energy threshold is set to 0.2, time constraint is set to 0.5, and the constant C which is used to calculate the sensing cost is set to 1 for simplicity. Fig. 2 shows the change of the sensing cost as the number of mobile terminals varies from 50 to 90. When the number of mobile terminals increases, the system cost decreases. More terminals will result in more choices of sensing task assignment. With the sensing effect function requirement and other constraints, the low-cost terminals are more likely to be selected to assign sensing tasks. The ED+CFD algorithm pays more attention to the spectrum decision at the expense of sensing cost, resulting in the highest cost. Compared to CLRS algorithm, our proposed HSA algorithm also achieves lower sensing cost since HSA reassigns tasks based on the remaining time to decrease the cost.
As the number of channels increases, Fig. 3 shows the sensing cost increases when there are 70 mobile terminals deployed randomly in all sub-regions. After a channel sensing, it is assumed a mobile terminal's energy fall 0.2. CLRS algorithm which is applied to multiple channels realizes lower sensing cost than ED+CFD algorithm while the proposed HSA achieves lowest system cost. As shown in Fig. 3 , more channels mean mobile terminals have to sense more channels. Hence, the energy consumption of mobile terminals increases. Based on equation (4), the sensing cost of the proposed HSA will grow rapidly as the sensing tasks increase due to the high energy consumption. In addition, when there are more channels, some sensing tasks have to be assigned to high-cost terminals which are able to sense channels rapidly to satisfy their time constraints. This is another reason for the cost growth. Fig. 4 illustrates the relationship between the system cost and the initial energy of mobile terminals. We use the initial energy of each terminal which is randomly generated as the default baseline. The change of initial energy is expressed by multiplying a factor (i.e., [0.4, 1.2]) to the baseline. The proposed HSA achieves lower sensing cost than other algorithms since we consider the initial energy impact on system cost. Considering the system cost is defined based on the relative energy consumption, a mobile terminal with higher initial energy will lead to lower cost than that with lower initial energy after executing the same sensing task. Therefore, the system cost decreases as the initial energy increases.
The time constraint is another factor which influences the sensing cost. We use the predefined time constraint as the default baseline. The change of time constraint is expressed by multiplying a factor (i.e., [0.4, 1.2]) to the baseline. As shown in Fig. 5 , the system cost decreases as the time constraint increases. With the growth of time constraint, longer time is permitted for mobile terminals to complete sensing tasks. Hence, low-cost terminals with slow sensing rate become the selection to execute the sensing tasks, and the sensing cost decreases. Besides, the proposed HSA is better than other algorithms since time constraint is considered during both the initial assignment and task reassignment in our algorithm.
VI. CONCLUSION
To make full use of mobile terminals during spectrum sensing, this paper studies crowdsourced spectrum sensing in large-scale regions. Considering the impact of various terrains, the sensing effect function is defined to reflect the sensing accuracy. Besides, the relative energy consumption of mobile terminals is introduced to evaluate the cost during the process of spectrum sensing. Based on the sensing effect and cost, we formulate the crowdsourced sensing to minimize the total cost while maintaining sensing accuracy. To solve the crowdsourced sensing problem, a heuristic algorithm is proposed. According to time and energy constraints, sensing tasks are sequentially assigned to terminals based on the priority queue. Then, to obtain the lowest system cost, remaining time is introduced to reassign sensing tasks. Simulation results show our algorithm achieves higher performance than the other algorithms.
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